Introduction {#s1}
============

In natural populations, local mate selection and dispersal create correlations between geographic location and genetic variation -- each individual's genome is a mosaic of material inherited from recent ancestors that are usually geographically nearby. Given a set of genotyped individuals of known geographic provenance, it is therefore possible to predict the location of new samples from genetic information alone ([@bib24]; [@bib62]; [@bib58]; [@bib45]; [@bib9]; [@bib5]). This task has forensic applications -- for example, estimating the location of trafficked elephant ivory as in [@bib58] -- and also offers a way to analyze variation in geographic ancestry without assuming the existence of discrete ancestral populations.

The most common approaches to estimating sample locations are based on unsupervised genotype clustering or dimensionality reduction techniques. Genetic data from samples of both known and unknown origin are jointly analyzed, and unknown samples are assigned to the location of known individuals with which they share a genotype cluster or region of PC space ([@bib11]; [@bib6]; [@bib17]). However, these methods require an additional mapping from genotype clusters or PC space to geography and can produce nonsensical results if unknown samples are hybrids or do not originate from any of the sampled reference populations.

Existing methods for estimating sample location that explicitly model continuous landscapes use a two-step procedure. A smoothed map describing variation in allele frequencies over space is first estimated for each allele based on the genotypes of individuals with known locations, and locations of new samples are then predicted by maximizing the likelihood of observing a given combination of alleles at the predicted location. In methods like `SPASIBA` ([@bib24]) and SCAT ([@bib58]), allele frequency surfaces are estimated by fitting parameters of a Gaussian function of set form (but see [@bib45] for an alternate approach based on smoothing techniques from image analysis).

Since all such methods use relatedness to other contemporary samples, any information about the location of a new sample necessarily comes from ancestors shared with the reference set. As illustrated in [Figure 1](#fig1){ref-type="fig"}, we expect a priori, that the genealogical relationships among a set of samples (and therefore the spatial location of ancestors) will vary along the genome. This means that a complete look at geographic ancestry would include not just a point estimate of spatial location, but an estimate of uncertainty that accounts for the partially correlated genealogies of recombining chromosomes.

![Conceptual schematic of our approach.\
Regions of the genome reflect correlated sets of genealogical relationships (**A**), each of which represents a set of ancestors with varying spatial positions back in time. We extract genotypes from windows across the genome (**B**), and train a deep neural network to approximate the relationship between genotypes and locations using Euclidean distance as the loss function (**C**). We can then use the trained network to predict the location of new genotypes held out from the training routine (**D**).](elife-54507-fig1){#fig1}

In the past few years, there has been a explosion in the use of supervised machine learning for population genetics for a number of tasks, including detecting selection ([@bib48]; [@bib39]; [@bib52]), inferring admixture ([@bib47]; [@bib19]), and performing demographic model selection ([@bib42]; [@bib56]). Applications to population genetics increasingly make use of the latest generation of machine learning tools: deep neural networks (a.k.a. 'deep learning') ([@bib49]; [@bib33]; [@bib14]; [@bib21]; [@bib2]). A significant feature of neural networks is that they allow the input of raw genotype information, as we perform below, without initial compression into summary statistics.

In this paper, we introduce Locator, a highly efficient deep learning method for the prediction of geographic origin of individuals from unphased genotype data. Locator uses deep neural networks to perform prediction directly from genotypes, but without assuming any explicit model of how genotypes vary over the landscape. Moreover, unlike many modern supervised machine learning methods in population genetics, (e.g. [@bib33]) our training set need not be obtained via simulation. We assume only that there is some function relating geographic locations to the probability of observing a given combination of alleles, and use a deep, fully connected neural network to approximate this mapping for a set of genotyped individuals with known locations. The trained network is then evaluated against a set of known individuals held out from the training routine and used to predict the geographic location of new samples based on their genotypes. Applied separately to windows across the genome, Locator also estimates uncertainty in individual-level predictions and can reveal portions of an individual's genome enriched for ancestry from specific geographic areas.

For the empirical population genomic data we analyze here, Locator achieves state-of-the-art accuracy an order of magnitude faster than competing methods. Here, we describe the implementation, test on simulated data, and demonstrate its use in empirical data by estimating sampling locations for *Anopheles* mosquitoes in Africa from the AG1000G project ([@bib54]), *P. falciparum* parasites from Asia, Africa, and the Americas from the *P. falciparum* community project ([@bib40]), and global human populations from the Human Genome Diversity Project (HGDP; [@bib8]).

Results {#s2}
=======

Locator is fast and accurate {#s2-1}
----------------------------

We first evaluated Locator's performance in simulations of populations evolving in continuous space with varying rates of dispersal -- an idealized setting in which all alleles should vary smoothly over the map. In [Figure 2](#fig2){ref-type="fig"} we show that validation error increases along with the dispersal rate of the population. Interestingly, error is roughly constant when measured in terms of the mean per-generation dispersal rate, ranging from 3.16 to 4.09 generations of dispersal given our largest training dataset (450 samples, 100,000 SNPs; [Figure 2---figure supplement 1](#fig2s1){ref-type="fig"}; [Supplementary file 1](#supp1){ref-type="supplementary-material"}). This suggests that error primarily reflects the underlying biological processes of dispersal and mate selection rather than simple noise from model fitting.

![Validation error for Locator runs on simulations with varying dispersal rates.\
Simulations were on a 50 × 50 landscape and error is expressed in map units. (**A**) True and predicted locations by population mean dispersal rate and number of SNPs. 450 randomly-sampled individuals were used for training. (**B**) Error for runs with 100,000 SNPs and varying numbers of training samples. (**C**) Error for runs with 450 training samples and varying number of SNPs. Plots with error in terms of generations of expected dispersal are shown in [Figure 2---figure supplement 1](#fig2s1){ref-type="fig"}.](elife-54507-fig2){#fig2}

Increasing the number of training samples or the number of SNPs improves accuracy for all simulations ([Figure 2B](#fig2){ref-type="fig"}). However, we observed diminishing returns when using over 10,000 SNPs or over 200 training samples. Median error for all simulations was also below 10 generations of dispersal for all but the least-dispersive simulation using just 25 training samples; suggesting that even relatively small training datasets can allow inference of broad-scale spatial locations. We discuss theoretical limits on the accuracy of genetic location estimation in Appendix 1.

We were interested to compare the performance of Locator to that of `SPASIBA` ([@bib24]), the current state-of-the-art method for geographic prediction of genotype data ([Figure 3](#fig3){ref-type="fig"}; [Supplementary file 2](#supp2){ref-type="supplementary-material"}). However, we were unable to succesfully run `SPASIBA` with 100,000 or more SNPs from a simulated dataset or on simulations with dispersal rates of 0.63 or 1.29 map units/generation, due to out-of-memory errors on a 64-bit system with 400 Gb of RAM. We could, however, compare at smaller numbers of SNPs and reduced dispersal. At a mean dispersal distance of 0.45 map units `SPASIBA’s` median test error was slightly lower when run on 1000 SNPs (Wilcoxon test, p=0.009) but results were similar at 100 or 10,000 SNPs. (Wilcoxon test, $p = 0.184$ and 0.936). However, `Locator` is much faster -- training on 10,000 SNPs in less than two minutes while `SPASIBA` requires around six and a half hours ([Figure 2](#fig2){ref-type="fig"}). These long run times are caused in part by the large number of training localities in our simulated data, because `SPASIBA’s` run time scales with the product of the number of genetic variants and the number of training localities ([@bib24]).

![Test error and run times for `Locator` and `SPASIBA` on simulated data with dispersal distance equal to 0.45 map units/generation (top; 450 randomly sampled training samples) and empirical data from the ag1000g phase one dataset (bottom; 612 training samples from 14 sampling localities).](elife-54507-fig3){#fig3}

While the simulations conform well to modeling assumptions of most methods, we can also compare performance on empirical data. By way of example, we applied Locator and `SPASIBA` to subsets of SNPs from the first five million base pairs of chromosome 2L from the Ag1000G dataset ([@bib37]; [Figure 3](#fig3){ref-type="fig"}). Locator achieves much lower mean error on all runs with more than 100 SNPs, and runs from 3.1x to 532x faster, depending on the number of SNPs. Two factors likely explain this improved accuracy: Locator can handle abrupt changes in allele frequencies across the landscape better than `SPASIBA’s` geostatistical model, and the limited number of sampling localities in the AG1000G dataset may act as a prior encouraging Locator to assign samples to specific sampling sites. Maps of predictions from both methods are shown in [Figure 3---figure supplement 1](#fig3s1){ref-type="fig"}. Extrapolating from these run times, running a windowed whole-genome analysis of *Anopheles* in `SPASIBA` would require roughly 70 days of computation on an 80-CPU system for model training alone, versus 3.2 hr on one `GPU` for `Locator`.

Uncertainty and variation along the genome {#s2-2}
------------------------------------------

By running Locator in windows across the genome we aim to integrate over error associated with the model training procedure while also representing the inherent uncertainty caused by spatial drift of ancestral lineages backwards in time ([@bib32]). This produces a cloud of predicted locations distributed around the true sample location ([Figure 4](#fig4){ref-type="fig"}). For individuals near the center of the landscape, these clouds are roughly symmetrical, as expected from our model. Predictions for individuals close to the edge of the landscape appear slightly asymmetrical and are bounded by the true landscape edges, suggesting that our networks have learned the rough shape of the sampled range. The true location was within the 50% contour of a 2d-kernel density surface estimated from the set of per-window predictions for all test samples, demonstrating that this distribution is indeed centered on the true location. We also tested the alternate approach of bootstrapping over a single set of SNPs, which could be useful for smaller datasets or those lacking a reference alignment. Results for this method are discussed in [Figure 4---figure supplement 1](#fig4s1){ref-type="fig"}.

![Predicted and true locations for eight individuals simulated in a population with mean per-generation dispersal 0.45 (roughly 1% of the landscape width).\
Black points are predictions from 2Mbp windows, blue points are training sample locations, and the red point is the true location for each individual. Contours show the 95%, 50%, and 10% quantiles of a two-dimensional kernel density across all windows.](elife-54507-fig4){#fig4}

Windowed analyses for the three empirical systems we studied are shown in the bottom panels of [Figures 5](#fig5){ref-type="fig"}, [6](#fig6){ref-type="fig"}, [7](#fig7){ref-type="fig"}. We discuss the implications of these predictions for each species in the following sections, but in general we find that the windowed analysis provides a good depiction of uncertainty in a sample's location -- either surrounding a single location for samples with low error, or distributed across a wide region including multiple training localities for samples with high error. In several cases, predicted locations also project in the direction of known historic migrations (as in human data), or are split among localities shown in previous analyses to experience high gene flow (as in *Anopheles*).

![Top -- Predicted locations for 153 *Anopheles gambiae/coluzzii* genomes from the AG1000G panel, using 612 training samples and a 2Mbp window size.\
The geographic centroid of per-window predictions for each individual is shown in black points, and lines connect predicted to true locations. Sample localities are colored by the mean test error with size scaled to the number of training samples. Bottom -- Uncertainty from predictions in 2Mbp windows. Contours show the 95%, 50%, and 10% quantiles of a two-dimensional kernel density across windows.](elife-54507-fig5){#fig5}

![Top -- Predicted locations for 881 *Plasmodium falciparum* from the *Plasmodium falciparum* Community Project ([@bib40]) (5% of samples for each collecting locality), using 5084 training samples and a 500Kbp window size.\
The geographic centroid of per-window predictions for each individual is shown in black points, and lines connect predicted to true locations. Sample localities are colored by the mean test error with size scaled to the number of training samples. Bottom -- Uncertainty from predictions in 500Kbp windows. Contours show the 95%, 50%, and 10% quantiles of a two-dimensional kernel density across windows.](elife-54507-fig6){#fig6}

![Top -- Predicted locations for 162 individuals from the HGDP panel, using 773 training samples and a 10Mbp window size.\
The geographic centroid of per-window predictions for each individual is shown in black points, and lines connect predicted to true locations. Sample localities are colored by the mean test error with size scaled to the number of training samples. Bottom -- Uncertainty from predictions in 10Mbp windows. Contours show the 95%, 50%, and 10% quantiles of a two-dimensional kernel density across windows.](elife-54507-fig7){#fig7}

We summarize genome-wide window predictions in two ways: 1) by taking a kernel density estimate of the predictions and then finding the point of maximum density, and 2) by computing the centroid of the windowed predictions. These estimates are similar in spirit to ensemble prediction methods ([@bib27]; [@bib12]), but should not be interpreted as true statistical confidence intervals. At least in the context of windowed analyses, differences in predictions among windows appears to primarily reflect variation in ancestry rather than uncertainty in the inference itself, so we suggest the intervals returned by Locator's kernel density estimation are best interpreted as representing areas from which a given proportion of the genome is likely to have originated. In general, we found that the maximum kernel density estimator has lower error, but tends to show classification behavior more than the centroid estimator -- snapping to a single training locality rather than interpolating between sets of localities for samples with variable window predictions.

Empirical analysis {#s2-3}
------------------

### *Anopheles* mosquitoes {#s2-3-1}

We next turn our attention to the application of `Locator` to empirical population genomic datasets. In [Figure 5](#fig5){ref-type="fig"}, we show predicted and true locations for 153 individuals from the Ag1000g dataset of *Anopheles gambiae* and *A. coluzzii*, estimated in 2Mbp windows across the genome. The location with highest kernel density across all windows had a median error of 5.7 km, and the centroid of the per-window predictions had a median error of 36 km ([Supplementary file 3](#supp3){ref-type="supplementary-material"}). Significant prediction error occurs only between sites in Cameroon, Burkina Faso, and the Republic of Guinea -- localities which were also assigned to a single ancestry cluster in the `ADMIXTURE` analysis in [@bib37]. However uncertainty for these samples was relatively well described by visualizing the spread of per-window predictions, with predicted locations generally lying between sets of localities. The true locality was within the 95% interval of the kernel density across all windows for all samples.

### Plasmodium falciparum {#s2-3-2}

In a windowed analysis of *P. falciparum*, Locator's median error is 16.92 km using the maximum kernel density and 218.99 km using the geographic centroid of window predictions ([Figure 6](#fig6){ref-type="fig"}; [Supplementary file 3](#supp3){ref-type="supplementary-material"}). Mean predicted locations across all windows consistently separate populations in the Americas, West Africa, East Africa, southeast Asia, and Papua New Guinea; consistent with the major population subdivisions described via PCA in [@bib40]. We also see good discrimination within clusters, particularly in southeast Asia where the average test error is less than 200 km for all but two localities. Error is highest in West Africa, where mean predictions tend towards the center of a set of regional collecting localities ([Figure 6](#fig6){ref-type="fig"}). These patterns are consistent with previous findings of fine-scale spatial structure in *P. falciparum* in Cambodia ([@bib38]) and low levels of relative genetic differentiation (as measured by $F_{ST}$) in Africa ([@bib40]).

Rates of mixed-strain infection are elevated in West Africa relative to Southeast Asia ([@bib64]; [@bib40]), which we hypothesized could explain the higher prediction error in this region. To test this effect, we plotted Locator's centroid prediction error as a function of within-host diversity ($F_{WS}$; [@bib4]). $F_{WS}$ measures the proportion of population genetic diversity present in individual hosts, with a value of 0 representing maximum within-host diversity and one minimum within-host diversity. If mixed-strain infections explain outliers of prediction error, we would expect that samples with the highest prediction error had low $F_{WS}$. Instead we found a weak positive relationship ([Figure 6---figure supplement 1](#fig6s1){ref-type="fig"}), with the highest prediction errors seen in samples with maximum $F_{WS}$ (i.e. minimum infection diversity). Test error then likely reflects low levels of differentiation within *Plasmodium* lineages in West Africa rather than local prevalence of mixed-strain infections.

Again we found that visualizing per-window predictions reflects expected patterns of uncertainty in samples with high mean prediction error. For example, sample QM0215-C was collected in Madagascar and has a mean predicted location in Mozambique, but the spread of per-window predictions indicates a 95% interval that includes the true locality ([Figure 6](#fig6){ref-type="fig"}, bottom right).

The good performance we observed on this dataset also highlights a strength of `Locator’s` model-free approach. Recall that the sequencing strategy of preparing libraries from human blood samples suggests variant calls represent binned allele frequencies across the population of *Plasmodium* in a human blood sample rather than SNPs in a single *Plasmodium* individual. From the perspective of the network, however, the input genotypes are simply a set of normalized vectors, and the network can approximate the relationship between these vectors and the spatial location of training samples regardless of the generative process.

### Human populations {#s2-3-3}

For humans in the HGDP dataset, the location with highest kernel density across all windows has a median test error of 85 km, and the centroid of window predictions has a median error of 452.6 km ([Figure 7](#fig7){ref-type="fig"}, [Supplementary file 3](#supp3){ref-type="supplementary-material"}). Visualizing the geographic distribution of predictions across the genome shows that predictions tend to cluster around the true reported sampling location, but also extend toward other sampling locations in a manner that reflects known patterns of human migration.

For example, the two largest individual errors in our analysis are found in South African Bantu individuals and Xibo people from western China. Predicted locations of South African Bantu people project towards the historic source of Bantu migrations in west Africa ([@bib18]), with some regions of the genome also projecting in the direction of east African Bantu populations ([Figure 7](#fig7){ref-type="fig"}, sample HGDP00993). In the case of Xibo people from western China Locator consistently predicts locations in Manchuria, central China, and southern Sibera -- significantly east of the true sample location. This may reflect the known movement of this population, which historically originated in Manchuria and was resettled in western China during the 18th century ([@bib23]; [@bib65]; [Figure 7](#fig7){ref-type="fig"}, sample HGDP01250). A sample of individual-level predictions is included in [Figure 7](#fig7){ref-type="fig"}.

To test whether outlier geographic predictions reflect error in the model fitting procedure versus true variation in ancestry in a given region of the genome, we ran principal component analyses on windows for which a Maya individual (sample HGDP00871) has predicted locations in Europe and Africa. In these windows, the Maya sample clusters with other individuals from the regions predicted by Locator -- western Europe and Africa, respectively -- rather than with other individuals from the Americas ([Figure 7---figure supplement 1](#fig7s1){ref-type="fig"}). This suggests outlier predictions primarily reflect variation in ancestry in different regions of the genome, rather than stochastic error in model fitting.

Genomic factors affecting prediction accuracy {#s2-4}
---------------------------------------------

Locator's prediction accuracy varied widely along the human genome. To assess the sources of this variation, we first examined how recombination rate interacts with the accuracy of `Locator` predictions generated from different regions of the genome. A priori we might expect recombination rate to affect accuracy because in regions of the genome with higher recombination, there are a greater number of distinct genealogies, and hence a given sample has inherited from a larger subset of the possible ancestors. Test error was estimated as the distance in kilometers from the true sampling location to the geographic centroid of the cloud of per-window predictions, and is shown in [Figure 8](#fig8){ref-type="fig"} plotted against local recombination rates from the HapMap genetic map ([@bib29]). We find a relatively strong negative correlation ($p < 0.0001$, $R^{2} = 0.27$) -- windows with the lowest recombination rates in general have the highest prediction error. This is consistent with our expectation that regions of the genome representing a greater number of marginal genealogies will yield more accurate predictions of a sample's location.

![Per-window test error and mean recombination rate for human populations in the HGDP dataset.\
The top 2% of windows by test error were excluded from this analysis. The slope of the least-squares linear fit is −99.9723 km/(cM/Mbp) and has adjusted $R^{2} = 0.2704$.](elife-54507-fig8){#fig8}

This finding suggests recombination-based distances may be a better basis for establishing window bounds. We tested this by replicating our analysis of `HGDP` samples using a `10-centiMorgan` window size, which yields approximately the same number of windows across the genome. We found the distribution of centroid prediction errors across windowing methods was very similar ([Figure 8---figure supplement 3](#fig8s3){ref-type="fig"}) but the variance in per-window prediction error was lower when using recombination-based windows ([Figure 8---figure supplement 4](#fig8s4){ref-type="fig"}; Levene's test $p = 0.0002$, df = 654). Examining plots of window error along the genome suggests much of this effect is caused by high error in windows containing a centromere when using physical distance-based windows ([Figure 8---figure supplement 1](#fig8s1){ref-type="fig"}, [Figure 8---figure supplement 2](#fig8s2){ref-type="fig"}). Centromere presence explains 26.9% of variance in window prediction error using 10 Mb windows, but just 2.6% of variance with centiMorgan-based windows. Thus, we recommend researchers interested in analyzing individual window predictions use recombination-based windows when possible, but find that using fixed windows is sufficient for estimating individual-level locations.

Last, to examine how predictions vary near a well-known geographically differentiated region of the genome, we trained a `Locator` model using SNPs from within 100 kb of the *EDAR* gene. The rs3827760 SNP is a $A\rightarrow G$ mutation that created a derived allele which has reached high frequency in East Asian and North American populations but is rare elsewhere ([@bib13]). This variant is thought to be associated with traits including hair thickness ([@bib22]), and the EDAR region has been proposed as a site of recent positive selection in several analyses ([@bib57]; [@bib53]; [@bib59]). We focused on predictions for samples from central Asia, in the middle of the east-west cline in rs3827760 allele frequencies across Eurasia.

In this analysis, the direction of prediction error generally followed the genotype at rs3827760 -- individuals with a G allele tend to predict east of their true location ([Figure 9](#fig9){ref-type="fig"}). This was particularly clear in heterozygous populations. For example, homozygous G/G Xibo and Hazara individuals predict east of their true location, while one homozygous A/A Uyghur sample predicts well west of the sampling site. 3 of 4 heterozygous samples also predict east of their true location, and five other A/A Central/South Asian samples predict significantly west. The discrepancies between sampling and predicted locations likely in fact represent signal: haplotypes carrying a G allele at this locus likely have more 'close' relatives in eastern than western Eurasia. These patterns are magnified versions of the trends seen in windowed analyses, suggesting that strong differentiation in this genomic region biases location predictions away from the center of the geographic cline.

![Predicted locations for HGDP samples from central Asia using a model trained on SNPs within 100 kb of *EDAR*.\
Black points show sampling locations. Arrows are colored by genotype at variant rs3827760 and point towards the predicted location. Frequency of the A allele by longitude is shown below the map.](elife-54507-fig9){#fig9}

Effects of unsampled populations {#s2-5}
--------------------------------

To understand how Locator predictions vary when a sample's true locality is not included in the training set, we ran analyses on a single window of the *Anopheles* data at two scales -- first dropping only sites from a specific sampling location, and then dropping all sites from a given country ([Figure 5---figure supplements 2](#fig5s2){ref-type="fig"}--[3](#fig5s3){ref-type="fig"}). Prediction error is much higher for individuals from regions excluded from training -- increasing from a median of 14 km when training and test samples are randomly split to 116 km when excluding individual localities, and 778 km when excluding whole countries.

In most cases, predicted locations appear to project toward the nearest locality included in the training set ([Figure 5---figure supplement 3](#fig5s3){ref-type="fig"}). This is particularly the case when populations at the edge of the map are excluded. `Locator` networks appear to learn something about the boundaries of the landscape based on the distribution of training points, and show a tendency to project towards the middle of the landscape when given a small number of SNPs (e.g. the top right panel of [Figure 2A](#fig2){ref-type="fig"}), a trivial optimization of the loss function. We also see evidence of `Locator` learning some nonlinear aspects of population structure in the sample. For example, when Angolan *A. coluzzii* are excluded from the training set many of their predicted locations project toward the *A. coluzzii* sample localities in Burkina Faso rather than the much closer sampling localities for *A. gambiae* in Cameroon and Gabon. In general, we find that Locator can interpolate unsampled localities relatively well when genetic differentiation is smooth over the landscape (as among *A. gambiae* localities in west Africa), but does not extrapolate outside the bounds of the training set. Sampling the full landscape, or at least a sufficient portion thereof, is thus an important consideration in running our method.

Discussion {#s3}
==========

The correlation of genealogy and geography leaves genetic signals of ancestral location across the genome that one can leverage for practical inference. For instance, tracking the migratory routes of disease vectors such as *Anopheles* ([@bib28]) could in principle be achieved if one could accurately predict origin from DNA sequence data. Similarly, establishing the location of origin from biological samples is critical to anti-poaching conservation efforts ([@bib58]), and efforts to map transmission during the ongoing SARS-CoV-2 pandemic have been informed by analysis of geographically restricted genetic variants (see e.g., <https://nextstrain.org/ncov/global>). In this report, we present a new tool, `Locator`, which uses a deep neural network to predict the geographic location of a sample on the basis of its genotype. We show that Locator is highly accurate, computationally efficient, and can scale to thousands of genomes.

In simulations we found that our method achieves similar accuracy as a state-of-the-art model-based approach, `SPASIBA` ([@bib24]), and does so at least an order of magnitude faster. We show that the accuracy of our estimator is naturally measured in terms of the dispersal rate of the population and that predictions from Locator are consistently within 3--4 generations of mean dispersal across a wide range of dispersal distances ([Figure 2](#fig2){ref-type="fig"}, [Figure 2---figure supplement 1](#fig2s1){ref-type="fig"}). However, the greatest increase in accuracy relative to `SPASIBA` was in empirical data ([Figure 3](#fig3){ref-type="fig"}). This seems to reflect two aspects of our approach that highlight its strengths and weaknesses: as a process-agnostic model `Locator` can easily handle situations in which allele frequencies do not vary smoothly over the landscape. However, the spatial concentration of the *Anopheles* samples may act as a strong prior that incentivizes the network to predict sample locations near sampling localities ([Figure 3](#fig3){ref-type="fig"}, [Figure 5](#fig5){ref-type="fig"}), thus acting more as a classifier than a continuous predictor. Thus, sampling should be taken into account when interpreting `Locator’s` output, and when possible users should avoid highly clustered sampling regimes.

`Locator’s` computational efficiency makes it practical to estimate uncertainty through resampling approaches like windowed analysis or bootstrapping over the complete genotype matrix. The full windowed analysis of the HGDP data took roughly 30 hr to run on a single GPU, and windowed analysis of all 5965 complete *Plasmodium* genomes took just 8 hr. Thus, training Locator models for biobank-scale datasets including whole genomes of tens or hundreds of thousands of samples is well within reach, particularly if windows can be run on separate GPUs. This allows us to estimate uncertainty in predicted locations due both to our prediction methodology as well as biology; with repeated training runs integrating over error associated with network training and prediction and the windowed analysis allowing us to predict geographic origins for regions of the genome reflecting distinct sets of genealogical relationships.

Disentangling these sources of error is challenging, but analysis of human data for which we have strong prior knowledge of recent population movements suggests that much of the variation in genome-wide prediction we see reflects historic patterns of migration rather than simple prediction error. For example, genomes from Hazara individuals in central Asia return predicted locations extending from central Asia to Mongolia ([Figure 7](#fig7){ref-type="fig"} bottom, sample HGDP00118), which is consistent with historic records ([@bib43]), previous analysis of Y chromosome data ([@bib63]), and identity-by-descent tract sharing ([@bib35]) all of which find evidence of recent shared ancestry between Mongolian and Hazara individuals. Similarly some Maya individuals found to have a small proportion of European ancestry in previous analyses [@bib46] have predicted locations extending from central Mexico across the Atlantic to Europe and west Africa in windowed Locator analysis ([Figure 7](#fig7){ref-type="fig"} bottom, sample HGDP00871), and these signals are replicated in principal components analysis ([Figure 7---figure supplement 1](#fig7s1){ref-type="fig"}).

The correspondence between our explicitly geographic method and unsupervised clustering or dimensionality reduction methods highlights the implicit prior assumption of genetic-geographic correlation often made when interpreting the output of `STRUCTURE` or `PCA`. Rather than mapping population structure to geography as a post-hoc interpretation, Locator and other continuous assignment methods directly incorporate space in the model. This also points to a critical consideration in running any form of supervised population clustering. Information about population structure comes only from the relative relationships among training and test samples, and interpretations can only be made relative to the set of training samples used. In the case of the HGDP panel, samples were intentionally selected to cover what were thought to be distinctive populations reflecting a vaguely pre-modern distribution of human genetic diversity ([@bib26]), and so would probably not be a good reference set for random individuals drawn from areas with recent histories of large population movements such as the United States.

Here, we have shown that our method, `Locator`, is fast, accurate, and scales well to large samples. However, we see several next steps that could improve the approach. First, our current implementation uses only diploid genotypes and does not pass the network any direct information about haplotype structure. Incorporating SNP position information and phased haploid sequences would likely increase inferential power, as in the case of unsupervised clustering ([@bib35]). Running this method on phased, haploid genomes could also in theory allow us to predict parental locations individually for loci with ancestry from different geographic regions. Second, our network currently uses a simple fully connected architecture; it could be that other network architectures such as recurrent neural networks might be better suited for this task (e.g. [@bib2]). Indeed the application of deep learning to population genetics is still in its infancy and we imagine much progress will be made in the coming years along these lines.

A central issue in this task will be understanding the limits of process-agnostic inference: when and how can we best use machine learning approaches in population genetics? `Locator` is essentially a flexible regressor designed without direct reference to genealogical or genetic process, so the exact design of the network or the arrangement of the weights and biases in a trained model gives little insight into the underlying mechanisms driving its inferences. These are instead best assessed by carefully studying the natural history of the focal organism, and by interpreting model output with population genetic theory and simulations. We suggest machine learning methods be seen as tools to answer narrowly defined questions, used as a complement to process-based statistical models that give deeper insight into the mechanisms generating the data being analyzed.

In principle, a completely process-based inference method that accurately modeled spatial population dynamics might provide the most accurate and best-calibrated inference of location and/or ancestry. However, the problem of modeling spatial populations is not solved, and all existing methods are based on assumptions (e.g. an unchanged species range on a uniform landscape \[[@bib60]\]) that may not hold in practice. For this reason, machine learning approaches might outperform methods based on process. Beyond the present application we believe a powerful approach will be to combine process-based population genetic models with the generalization abilities of deep learning -- analogous to natural language processing methods that supplement neural network word embeddings with syntax models ([@bib51]). This could allow us to leverage theory where assumptions are well-founded while turning to robust generalized optimization techniques when they are not.

Materials and methods {#s4}
=====================

Preprocessing {#s4-1}
-------------

`Locator` transforms input data in VCF or Zarr format to vectors of allele counts per individual using the scikit-allel ([@bib37]) and numpy ([@bib55]) libraries. Sites with missing data are replaced with two draws from a binomial distribution with probability equal to the frequency of the derived allele across all individuals -- a discrete version of the common practice of assigning missing data as the mean allele frequency in genotype PCAs (e.g. the default settings for PCA in the R package adegenet \[[@bib31]\]). We provide functions for filtering SNPs based on minor allele count, and by default remove singleton sites from the alignment prior to model fitting. The geographical $x$ and $y$ coordinates are scaled to have mean 0 and variance one prior to training, while allele counts are scaled prior to model fitting by a batch normalization layer within the network. Batch normalization Z-normalizes activations of a neural network during training to reduce shifts in the distribution of parameter values across batches, which allows faster learning rates and sometimes reduces overfitting ([@bib30]).

`Locator` selects user-defined fraction of the samples with known locations to use in training the model (the default is 0.9); remaining samples with known locations are kept aside as 'validation' samples. The validation set is used to tune the learning rate of the optimizer and set the stopping time of model training, but does not directly contribute to the loss used to fit model parameters. Throughout this manuscript, we use 'validation loss' to refer to error estimated on the validation set, and 'test error' to refer to error calculated on a set of samples entirely held out from the model training procedure.

For datasets with small sample sizes the random train/test split may lead to some regions being under- or overrepresented in the training sample. To mitigate this we suggest fitting multiple models with different random seeds, yielding an ensemble of models trained on different subsets of the original dataset. Predictions from this ensemble can then be summarized in the same way as windows or bootstrap samples (see below). An example of this approach is included in the Locator documentation (<https://github.com/kern-lab/locator>).

Network {#s4-2}
-------

We use the unphased, diploid genotype vector of each individual as input to the network, whose target output is the two-dimensional coordinates of that individual in space. Locator uses a deep neural network consisting of a stack of fully connected 'dense' layers, implemented using the Keras ([@bib15]) frontend to tensorflow ([@bib1]). Roughly speaking, the network is trained to estimate a nonlinear function mapping genotypes to locations using gradient-based optimization. Models start with randomized initial parameters and are fit to data by looping through the training set and iteratively adjusting the weights and biases of the network. We use an early stopping function to monitor loss during training and under default settings stop training runs when validation loss has not improved for 100 epochs. We also use a learning rate scheduler to decrease the learning rate of the optimizer when validation loss stops improving, which we found to be effective in preventing the trajectories of training and validation loss from diverging. The program also outputs a plot of training and validation loss after each training run ([Figure 2---figure supplement 2](#fig2s2){ref-type="fig"}).

Locator's architecture uses a batch normalization layer followed by a sequence of fully connected layers with a dropout layer in the middle of the network ([Figure 1](#fig1){ref-type="fig"}). The 'dropout' layer sets a random selection of weights to zero during each training step, which helps prevent overfitting ([@bib50]). Our implementation allows users to adjust the shape of the network, but current default settings use 10 dense layers of 256 nodes each with 'ELU' activations ([@bib16]) and a 25% dropout after the fifth layer. We describe performance under varying network width and depth in [Figure 5---figure supplement 1](#fig5s1){ref-type="fig"}. In general, we found that all networks with over four layers perform similarly.

We use the Adam optimizer ([@bib34]) with Euclidean distance as a loss function:$${\text{loss} = \sqrt{\left( {x_{\text{predicted}} - x_{\text{true}}} \right)^{2} + \left( {y_{\text{predicted}} - y_{\text{true}}} \right)^{2}}}.$$

Uncertainty and genome-wide variation {#s4-3}
-------------------------------------

Individuals are born at a single location, but have inherited their genomes as a mosaic from ancestors spreading geographically into the past (as discussed in, for instance, [@bib60]; [@bib32]; [@bib10]). Any signal our method hopes to extract from the data must be due to geographic signal of recent ancestors shared between the test and training datasets. This suggests that any analogous method must quantify, roughly, 'which modern day populations are most similar to this genome?". The spatial spread of genetic relatedness both back in time from an individual's to its ancestors' locations and forward in time from ancestors to the present-day location of training samples means that even a perfect inference algorithm should have significant uncertainty associated with any predicted location from genetic data, and the magnitude of uncertainty should be in part a function of the dispersal rate of the population. In particular, no such method can infer locations more accurately than the mean dispersal distance, because in most cases an individual's genome is not informative about where they live relative to their parents. Besides this fundamental limit to uncertainty, error in georeferencing of training samples and in model fitting will introduce additional prediction uncertainty.

We use a windowed analysis across the genome to describe this uncertainty, which is possible thanks to `Locator’s` computational efficiency. Genealogical relatedness on each contiguous stretch of genome can be described by a sequence of genealogical trees, separated by ancestral recombination events. By running Locator on a particular window of the genome, we restrict inference to a subset of these marginal trees, and hence to a subset of the genetic relationships between test and training samples. Predictions from different regions of the genome can then be visualized as a cloud of points, and the distribution of these points in space gives us a rough idea of the uncertainty associated with an individual-level prediction. Because windowed analyses involve repeated training runs from randomized starting parameters, they also help us to integrate over uncertainty associated with the model fitting process.

Some datasets lack the size or reference alignments necessary to conduct windowed analyses. In this case, we recommend uncertainty be assessed by training replicate models on bootstrapped samples drawn from a single set of unlinked SNPs (that is, resampling SNPs with replacement). Although this procedure does not reduce the number of marginal trees represented in the data, it does allow us to assess uncertainty associated with model training and prediction. In both cases, we summarize uncertainty in predicted locations by estimating a two-dimensional kernel density surface over a set of predicted locations, and provide plotting scripts to visualize the 95%, 50%, and 10% quantiles in geographic space (see [Figures 5](#fig5){ref-type="fig"}--[7](#fig7){ref-type="fig"} for examples). The location of an individual can then be predicted as either the location with highest kernel density (the modal prediction) or the geographic center of the cloud of predictions (the mean prediction).

We tested this approach in simulated data and in all empirical datasets. To explore factors affecting the accuracy of predicted locations generated from different regions of the genome, we also examined the relationship between recombination rate and test error from windowed *Locator* runs on human data from the HGDP panel ([@bib8]). Recombination rates for each window were estimated by averaging per-base rates from the HapMap project ([@bib29]).

Simulations {#s4-4}
-----------

We first evaluated our method on genotypes from populations simulated by SLiM v3 ([@bib25]), using the model of continuous space described in [@bib7]. We simulated a 50 × 50 unit square landscape with expected density ($d$) of 5 individuals per unit area, resulting in census sizes of around 12,500. We varied the mean parent-offspring dispersal distance $\sigma$ across simulations from 0.45 to 3, to create populations with varying levels of isolation by distance. In terms of Wright's 'neighborhood size' ([@bib61]), defined as $N_{\text{loc}} = {4\pi\sigma^{2}d}$, this yields populations with neighborhood sizes from 13 to 565. Each diploid individual carried two copies of a 10^8^ bp chromosome on which mutations and recombinations occured at a rate of 10^-8^ per bp per generation. Simulations were run until all extant individuals shared a single common ancestor within the simulation at all locations on the genome (i.e., the tree sequence had coalesced). 500 individuals were randomly sampled from the final generation of each simulation for use in model fitting.

We selected 50 individuals from each simulation as a validation set and ran Locator while varying the number of training samples from 10 to 450 and the number of SNPs from 100 to 100,000. The SNPs used were a subset sampled from the full genotype matrix without replacement and thus mimic the semi-random distribution of genome-wide SNPs generated by reduced-representation sequencing approaches like RADseq ([@bib20]). To compare performance with an existing model-based approach, we also ran SPASIBA ([@bib24]) on the simulation with $\sigma = 0.44$ using 450 training samples and varying the number of SNPs from 100 to 100,000. Locator was run on a CUDA-enabled GPU and SPASIBA was run on 80 CPU cores. Last, we ran a windowed analysis on the $\sigma = 0.63$ (neighborhood size $\approx 25$) simulation in Locator using a 2Mbp window size (each window then contains ≈ 8000 SNPs).

Empirical data {#s4-5}
--------------

We applied Locator to three whole-genome resequencing datasets of geographically widespread samples: (1) 765 mosquitoes from the *Anopheles gambiae/coluzzii* species complex collected across sub-Saharan Africa ([@bib3]), (2) 5965 samples of the malaria parasite *Plasmodium falciparum* sequenced from human blood samples collected across Papua New Guinea, southeast Asia, sub-Saharan Africa, and northern South America ([@bib40]) and (3) whole-genome data for 56 human populations from the Human Genome Diversity Project ([@bib8]). Genotype calls for the *Anopheles* dataset are available at <https://www.malariagen.net/data/ag1000g-phase1-ar3>, for *P. falciparum* at <https://www.malariagen.net/resource/26>, and for human data at <ftp://ngs.sanger.ac.uk/production/hgdp>. We used VCF files as provided with no further postprocessing.

The *Plasmodium falciparum* dataset is unusual relative to our other empirical examples in that sequencing libraries were prepared from blood samples without filtering for coinfections or isolating individual *Plasmodium*. Sequence reads returned from short read sequencing then reflect the population of *Plasmodium* present in a human blood sample, or even multiple lineages of parasite if an individual is co-infected with multiple strains ([@bib64]), rather than individual *Plasmodium*. The VCFs we analyzed were prepared by aligning illumina short read sequences to the *Plasmodium falciparum* reference genome prepared by the Pf3K project ([@bib41]; <https://www.malariagen.net/data/pf3K-5>), then calling SNPs in GATK ([@bib36]). Variant calls then represent the pool of mutations present in the infecting *Plasmodium* population rather than SNPs in a single individual. We used only field-collected samples from the 'analysis' set, as described in [@bib40].

For the *Anopheles* dataset, we ran Locator in 2Mbp windows across the genome with a randomly selected 10% of individuals held out as a test set. We also ran `SPASIBA` on subsets sampled from the first five million base pairs of chromosome 2L while varying the number of SNPs from 100 to 100,000. For the *P. falciparum* dataset, we used 500 kb windows and held out 5% of samples from each collection locality as a test set. Last, for humans we used 10Mbp windows and selected three individuals from each HGDP population to hold out as a test set. Window sizes in each case were chosen to include roughly 100,000--200,000 SNPs per window. All empirical analyses were run with default settings (10×256 network size, patience 100, 25% dropout, a random 10% of training samples used for validation).

We also tested `Locator’s` performance with empirical data when the true location is not represented in the training sample. To do this, we ran a series of models on 10,000 SNPs randomly selected from the first 5Mbp of chromosome 2L in the *Anopheles* data. For each run, we held out all samples from a given sampling locality from the training set, then predicted the locations of these individuals using the trained model. We also tested this approach while holding out all samples collected in a given country, which eliminates even nearby localities from the training set.

Data and code {#s4-6}
-------------

Locator is implemented as a command-line program written in Python: [www.github.com/kern-lab/locator](http://www.github.com/kern-lab/locator). SNP calls for the *Anopheles* dataset are available at <https://www.malariagen.net/data/ag1000g-phase1-ar3>, for *P. falciparum* at <https://www.malariagen.net/resource/26>, and for the HGDP at <ftp://ngs.sanger.ac.uk/production/hgdp>. Code to run continuous-space simulations can be found at <https://github.com/kern-lab/spaceness/blob/master/slim_recipes/spaceness.slim> ([@bib7]). This publication uses data from the MalariaGEN *Plasmodium falciparum* Community Project as described in [@bib40]. Statistical analyses and many plots were produced in R ([@bib44]).
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Additional files {#s6}
================

###### Validation error in terms of map units and generations of mean population dispersal for Locator runs in simulations with 450 training samples and 100,000 SNPs.

Note that while absolute error increases along with dispersal rate, it is roughly constant when expressed in terms of generations of mean dispersal.

###### Mean and median prediction error for Locator and SPASIBA run on simulations and Anopheles data as shown in [Figure 3](#fig3){ref-type="fig"}.

Error is in terms of map units for simulated data (total landscape width = 50).

###### Test error for windowed analyses of empirical datasets using the location with highest kernel density and the centroid of per-window predictions, as *median (90% interval)*.

Data availability {#s7}
=================

Locator is implemented as a command-line program written in Python: [www.github.com/kern-lab/locator](http://www.github.com/kern-lab/locator). SNP calls for the Anopheles dataset are available at <https://www.malariagen.net/data/ag1000g-phase1-ar3>, for *P. falciparum* at <https://www.malariagen.net/resource/26>, and for the HGDP at <ftp://ngs.sanger.ac.uk/production/hgdp>. Code to run continuous-space simulations can be found at <https://github.com/kern-lab/spaceness/blob/master/slim_recipes/spaceness.slim>. This publication uses data from the MalariaGEN Plasmodium falciparum Community Project as described in Pearson et al. (2019). Statistical analyses and many plots were produced in R (R Core Team, 2018).

The following previously published datasets were used:

The Anopheles gambiae 1000 Genomes Consortium2015Ag1000G phase 1 AR3 data releaseMalariaGENag1000g-phase1-AR3

Plasmodium facliparum community project2019Plasmodium falciparum community project version 6 data releaseMalariaGEN26
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Theoretical limits on accuracy {#s8}
==============================

Suppose that we know the spatial locations of some relatives of a given individual, and want to predict the location of that focal individual. This is a best-case scenario for our actual problem, as in fact we would have to infer the degrees of relatedness of the reference set to the focal individual, but the calculations are useful in establishing a lower bound on the resolution of inference.

Suppose furthermore that the displacement in spatial position along each parent-child relationship has mean zero and variance $\sigma^{2}$, so that the net distance traveled along any path along $k$ links in the pedigree has mean zero and variance $k\sigma^{2}$. Given the location of $n$ relatives of a focal individual, a simple estimator of that individual's spatial location is simply the average of their locations. How well does this do?

We can associate each link between parent $p$ and child $c$ in the pedigree with the displacement between them, $X_{pc} = {- X_{cp}}$; we have assumed that ${\operatorname{var}\left\lbrack X_{cp} \right\rbrack} = \sigma^{2}$ for each. Suppose that the $i^{\text{th}}$ relative can be reached by traversing relatives $r_{i1},\ldots,r_{ik_{i}}$, and so their location relative to the focal individual is $Y_{i} = {X_{r_{i1},r_{i2}} + \cdots + X_{r_{i{({k_{i} - 1})}},r_{ik_{i}}}}$. To compute the variance of our estimator, $\overline{Y} = {\sum_{i = 1}^{n}{Y_{i}/n}}$, let $n_{cp}$ be the number of $i$ for which $X_{cp}$ appears in the sum for $Y_{i}$, so that $\overline{Y} = {\sum_{cp}{{n_{cp}X_{cp}}/n}}$. Then, simply, ${\operatorname{var}\left\lbrack \overline{Y} \right\rbrack} = {\sum_{cp}{\left( {n_{cp}/n} \right)^{2}X_{cp}}}$. For instance, if those relatives are all $2^{k}$ ancestors $k$ generations ago (i.e., the great $^{k - 2}$-grandparents) of the focal individual, then each of the $2^{\ell}$ links between the $\ell^{\text{th}}$ and $\left( {\ell - 1} \right)^{\text{th}}$ generations are traversed by $2^{k - \ell}$ of the paths, and so$$var\lbrack\overline{Y}\rbrack = \sum\limits_{\ell = 1}^{k}2^{\ell}\left( \frac{2^{k - \ell}}{2^{k}} \right)^{2}\sigma^{2} = (1 - 2^{- k})\sigma^{2}.$$

Clearly, with less full pedigree coverage and more distant relatives, the error would become worse, but it does not depend strongly on the degree of relatedness used: in general, using a few close or many distant relatives should give an estimate of location within some moderate factor of $\sigma$.

10.7554/eLife.54507.sa1
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In the interests of transparency, eLife publishes the most substantive revision requests and the accompanying author responses.

**Acceptance summary:**

Your paper introduces a novel efficient tool for \"placing samples on a map\" using genetic variation -- a fundamental problem of considerable practical importance.

**Decision letter after peer review:**

Thank you for submitting your article \"Predicting Geographic Location from Genetic Variation with Deep Neural Networks\" for consideration by *eLife*. Your article has been reviewed by Patricia Wittkopp as the Senior Editor, a Reviewing Editor, and three reviewers. The following individuals involved in review of your submission have agreed to reveal their identity: Christian Huber (Reviewer \#1); Arbel Harpak (Reviewer \#2); Leo Speidel (Reviewer \#3).

The reviewers have discussed the reviews with one another and the Reviewing Editor has drafted this decision to help you prepare a revised submission.

Summary:

This paper describes an elegant and highly efficient method for assigning samples to geographic location based on polymorphism data.

Essential revisions:

The reviewers were unanimous in liking this paper, but were equally unanimous in thinking it needed more discussion/clarification of what the advantages and disadvantages of this machine learning approach is compared to explicitly model-based approaches. How should we interpret the results, what are suitable applications (beyond examples given), etc.

As the reviews are consistent and self-explanatory, they are attached in full, rather than condensed here. This also goes for minor comments.

Reviewer \#1:

The authors present a new, neural network (NN) based approach for predicting the geographic location of a sample based on its genetic information and a reference dataset of multiple samples with known genetic and geographic information. The new method, Locator, is compared to a probabilistic approach that explicitly models the geographic distribution of alleles.

One major advantage of the new approach is the dramatic increase in speed, particularly when dealing with very large datasets. The simulations and empirical analyses make a lot of sense. I further appreciate the theoretical and simulation-based insight that dispersal distance is the single limiting factor for the accuracy of the inference, assuming datasets are moderately large. I strongly support publication of the study in *eLife*. However, I think the manuscript could improve by providing a better presentation of advantages and disadvantages of this type of machine learning approach compared to model-based (i.e. statistical) approaches. I suspect that model-based approaches such as SPASIBA should work better for out-of-sample prediction (e.g. for geographic regions that are not covered by the training sample) and have a clearer approach to quantifying uncertainty (i.e. confidence intervals), at least when model assumptions are correct. Specific comments and examples are below.

1\) I wonder about cases where the distribution of the species is continuous across space, but the sampling of the training sample is strongly clustered, which seems highly relevant for many empirical cases where samples are rarely sampled uniformly across species range (e.g., the Anopheles data). Further, it seems that the clustering of the training samples affects the prediction of Locator almost like a strong \"prior\", i.e. as if it is implicitly assumed that the new sample most likely also comes from one of these clusters. This might explain why Locator is superior to SPASIBA for the Anopheles data but not for the simulations (Figure 3) since SPASIBA does not have a prior on location but assumes that the new sample could come from any arbitrary location. However, this might also imply that SPASIBA is better for out-of-sample prediction, i.e. when the spatial location of the investigated sample is different from the locations of the clustered training data. Related to this, in the discussion the authors state that they found that \"the greatest increase in performance relative to the model-based approach is in empirical data for which the assumption of smooth variation in allele frequencies across the landscape is unlikely to hold, such as the complex multi-species Anopheles sample analyzed here (Figure 3)\". My alternative interpretation here is that this has nothing to do with smooth variation in allele frequency, but is a result of the strong clustering of the training sample, and the fact that the test samples are also sampled from these cluster locations. In fact, one of the results (subsection \"Effects of Unsampled Populations\") is that prediction error is much higher for individuals from regions excluded from training, and that \"predicted locations appear to project towards the nearest locality included in the training set\", which is supporting my interpretation. I thus would change the discussion regarding the mentioned statement and bring up the problem of clustered sampling locations of the training sample. It might be out of the scope of the current study, but testing both SPASIBA and Locator on spatial simulations with clustered training samples but uniformly sampled test samples would also be informative regarding this question.

2\) The statistical method SPASIBA allows to compute a likelihood surface of the location of the tested individual, i.e. it provides a statistical way of quantifying uncertainty in the estimate. The Locator method does not allow such a quantification. However, the authors suggest to run Locator on multiple 2 Mb windows across the genome and use the predicted locations from such multiple runs to quantify the uncertainty, for example by plotting contours of the 95% quantiles of a two-dimensional kernel density of these locations. This approach certainly gives some idea about the spatial extent of uncertainty (i.e. if there are certain spatial directions where estimating the location is harder than for other directions). However, it seems important to point out that these contours are not proper confidence or credibility intervals to avoid any confusion. There is no guarantee that the 95% contours capture the true location 95% of times. Further, the contours might look very different depending on the choice of the window size. The authors should provide more explicit guidelines about how to (or not to) interpret these contours, and also guide the choice of window size (e.g., why 2 Mb? Is there an optimal window size?).

Reviewer \#2:

Battey et al., develop a software to predict geographic location from genotype data. They use the fact that their method is fast to quantify individual prediction uncertainty and describe \"mosaic ancestry\" by predicting locations separately in windows across the genome.

The manuscript and code are overall clear and the work is well-rounded, with applications to simulations and three real data sets and a thoughtful discussion of the method\'s performance on each. The fact that LOCATOR works directly on a VCF and a coordinates file, is very fast, and quantifies individual level uncertainty-should all be very appealing to users.

I have some doubts are about the utility of the method and about the neural net approach. What are some possible motivations / applications beyond the trafficked elephant ivory example? Assuming that there are some important applications, is the neural net approach really preferable to a generative model? Throughout, the authors articulate interesting insight (e.g. the reasons underlying variance in estimates across genomic windows; the way dispersal distance sets a lower bound on accuracy) that they cannot fully quantify with their method due to its black-box nature. Relatedly, the authors demonstrate that the performance is superior to SPASIBA when the input is raw, unphased genotype data. While this may represent the current state of the art, it seems to me plausible that in the future we will separate the learning of genealogical trees from learning dispersal patterns. I wonder, for example, if feeding the network with inferred tree sequences (e.g. tsInfer) would lead to much better performance, as it disentangles these two learning steps. To be clear, I am not asking the authors to develop a new method, but only to modify their discussion to either explain the benefits of their steering away from the generative model; or alternatively say that down the line, a generative approach is more fruitful.

Reviewer \#3:

The manuscript describes a method for predicting geographic location using a simple, fully connected deep neural network which is trained on labelled samples of known geographic location. I am particularly impressed that the method can be applied to genomic subregions, quantifying uncertainty about predictions as well as variation of ancestry along the genome due to recent admixture or other evolutionary processes influencing genetic structure.

The presented method is a significant advance from existing methods, which are substantially slower and impose stronger modelling assumptions. Accuracy appears comparable to existing methods on simulated data (with one exception, see below), while on real data the presented method outperforms existing approaches.

The manuscript is very well written; details of the method were clear. While I did not attempt to do so, I believe that analyses were explained in sufficient detail for reproducing the results.

I believe that the work is of interest to the readership of *eLife* and I would recommend it for publication. Below, I am listing a few comments I have after reading the manuscript.

\- Prediction of geographic location has many similarities with (recent) ancestry inference, and can be seen as a projection of genetic structure onto a geographic landscape (where genetic structure may be affected by many processes). It would be great if the authors could include a discussion putting this work into context with previous work on genetic structure, in particular methods that also don\'t require discrete populations, e.g., PCA on various types of matrices (genotype, chromopainter coancestry matrices etc) (genes mirror geography!). I do think and like that projecting structure on geography can improve interpretability compared to these methods, however perhaps adds constraints on the projection space that other methods may not have/or differ from other methods?

\- I believe that a potential weak point of the current manuscript is that it is unclear how to interpret these predictions (apart from the naive interpretation of geographic origin of ancestors). In particular, I believe that the impact of this paper would be very much elevated if the authors could include examples where geographic location can be used for inference of some underlying biological process, e.g., selection acting on the genome or regions with reduced genetic diversity. Is there a difference in predicted geographic location in coding/non-coding regions (such as coding regions have lower variance of prediction for instance)?

\- Is it possible to estimate dispersal rates from these predictions and their uncertainty? (which may be the obvious parameter one might want to learn about an organism/group of interest).

\- I like that the authors provided an analysis where some samples were dropped from the training step, to illustrate the effect of unsampled groups. In practise, is there a way to learn from the data whether the reference/training samples are representative for the sample I want to do prediction for? E.g., one could think about having multiple neural networks that are trained on subsets of samples and compare predictions.

\- What is the reason for windowing according to number of base-pairs instead of recombination rate (cM), especially given that Figure 8 shows a higher prediction error in regions of lower recombination rate (and fewer genealogical trees).

Overall, I very much enjoyed reading this paper. Out of interest and with no need to mention or implementing this in the current paper -- If the underlying genealogies were known, would you be able to predict geographic locations of most recent common ancestors? You could then extract information about directional migration from this for instance I believe?

10.7554/eLife.54507.sa2

Author response

> Essential revisions:
>
> The reviewers were unanimous in liking this paper, but were equally unanimous in thinking it needed more discussion/clarification of what the advantages and disadvantages of this machine learning approach is compared to explicitly model-based approaches. How should we interpret the results, what are suitable applications (beyond examples given), etc.
>
> As the reviews are consistent and self-explanatory, they are attached in full, rather than condensed here. This also goes for minor comments.

Thanks to the editors and reviewers for your thorough comments. In this revision we have added two new analyses looking at (1) fixed- vs recombination-distance-based windows, and (2) the EDAR locus as an example of a well-studied genomic region with a steep geographic cline. We also added to the end of our Discussion section to explore the general utility of machine learning approaches in population genetics. We also made minor figure edits and clarified several methodological points and syntax issues. Specific responses for each reviewer comment are printed below.

> Reviewer \#1:
>
> The authors present a new, neural network (NN) based approach for predicting the geographic location of a sample based on its genetic information and a reference dataset of multiple samples with known genetic and geographic information. The new method, Locator, is compared to a probabilistic approach that explicitly models the geographic distribution of alleles.
>
> One major advantage of the new approach is the dramatic increase in speed, particularly when dealing with very large datasets. The simulations and empirical analyses make a lot of sense. I further appreciate the theoretical and simulation-based insight that dispersal distance is the single limiting factor for the accuracy of the inference, assuming datasets are moderately large. I strongly support publication of the study in eLife. However, I think the manuscript could improve by providing a better presentation of advantages and disadvantages of this type of machine learning approach compared to model-based (i.e. statistical) approaches. I suspect that model-based approaches such as SPASIBA should work better for out-of-sample prediction (e.g. for geographic regions that are not covered by the training sample) and have a clearer approach to quantifying uncertainty (i.e. confidence intervals), at least when model assumptions are correct. Specific comments and examples are below.

Thank you for your comments. We have expanded the general discussion of the utility of machine learning approaches in population genetics at the end of the Discussion section, and respond to specific comments below.

> 1\) I wonder about cases where the distribution of the species is continuous across space, but the sampling of the training sample is strongly clustered, which seems highly relevant for many empirical cases where samples are rarely sampled uniformly across species range (e.g., the Anopheles data). Further, it seems that the clustering of the training samples affects the prediction of Locator almost like a strong \"prior\", i.e. as if it is implicitly assumed that the new sample most likely also comes from one of these clusters. This might explain why Locator is superior to SPASIBA for the Anopheles data but not for the simulations (Figure 3) since SPASIBA does not have a prior on location but assumes that the new sample could come from any arbitrary location. However, this might also imply that SPASIBA is better for out-of-sample prediction, i.e. when the spatial location of the investigated sample is different from the locations of the clustered training data. Related to this, in the discussion the authors state that they found that \"the greatest increase in performance relative to the model-based approach is in empirical data for which the assumption of smooth variation in allele frequencies across the landscape is unlikely to hold, such as the complex multi-species Anopheles sample analyzed here (Figure 3)\". My alternative interpretation here is that this has nothing to do with smooth variation in allele frequency, but is a result of the strong clustering of the training sample, and the fact that the test samples are also sampled from these cluster locations. In fact, one of the results (subsection \"Effects of Unsampled Populations\") is that prediction error is much higher for individuals from regions excluded from training, and that \"predicted locations appear to project towards the nearest locality included in the training set\", which is supporting my interpretation. I thus would change the discussion regarding the mentioned statement and bring up the problem of clustered sampling locations of the training sample. It might be out of the scope of the current study, but testing both SPASIBA and Locator on spatial simulations with clustered training samples but uniformly sampled test samples would also be informative regarding this question.

This is a good point, and the analogy to a strong prior given spatially concentrated sampling seems right to us. We have edited the second paragraph of the Discussion section to include this point.

> 2\) The statistical method SPASIBA allows to compute a likelihood surface of the location of the tested individual, i.e. it provides a statistical way of quantifying uncertainty in the estimate. The Locator method does not allow such a quantification. However, the authors suggest to run Locator on multiple 2 Mb windows across the genome and use the predicted locations from such multiple runs to quantify the uncertainty, for example by plotting contours of the 95% quantiles of a two-dimensional kernel density of these locations. This approach certainly gives some idea about the spatial extent of uncertainty (i.e. if there are certain spatial directions where estimating the location is harder than for other directions). However, it seems important to point out that these contours are not proper confidence or credibility intervals to avoid any confusion. There is no guarantee that the 95% contours capture the true location 95% of times. Further, the contours might look very different depending on the choice of the window size. The authors should provide more explicit guidelines about how to (or not to) interpret these contours, and also guide the choice of window size (e.g., why 2 Mb? Is there an optimal window size?).

We added a note to the relevant Results section explaining differences between window prediction intervals and confidence intervals (ie we think they're best interpreted as "x% of the genome likely originated in this interval").

> Reviewer \#2:
>
> Battey et al., develop a software to predict geographic location from genotype data. They use the fact that their method is fast to quantify individual prediction uncertainty and describe \"mosaic ancestry\" by predicting locations separately in windows across the genome.
>
> The manuscript and code are overall clear and the work is well-rounded, with applications to simulations and three real data sets and a thoughtful discussion of the method\'s performance on each. The fact that LOCATOR works directly on a VCF and a coordinates file, is very fast, and quantifies individual level uncertainty-should all be very appealing to users.
>
> I have some doubts are about the utility of the method and about the neural net approach. What are some possible motivations / applications beyond the trafficked elephant ivory example? Assuming that there are some important applications, is the neural net approach really preferable to a generative model? Throughout, the authors articulate interesting insight (e.g. the reasons underlying variance in estimates across genomic windows; the way dispersal distance sets a lower bound on accuracy) that they cannot fully quantify with their method due to its black-box nature. Relatedly, the authors demonstrate that the performance is superior to SPASIBA when the input is raw, unphased genotype data. While this may represent the current state of the art, it seems to me plausible that in the future we will separate the learning of genealogical trees from learning dispersal patterns. I wonder, for example, if feeding the network with inferred tree sequences (e.g. tsInfer) would lead to much better performance, as it disentangles these two learning steps. To be clear, I am not asking the authors to develop a new method, but only to modify their discussion to either explain the benefits of their steering away from the generative model; or alternatively say that down the line, a generative approach is more fruitful.

Thank you for your comments. We have expanded our Discussion section to talk more generally about the utility and desirability of machine-learning vs statistical approaches -- see the new final two paragraphs.

> Reviewer \#3:
>
> The manuscript describes a method for predicting geographic location using a simple, fully connected deep neural network which is trained on labelled samples of known geographic location. I am particularly impressed that the method can be applied to genomic subregions, quantifying uncertainty about predictions as well as variation of ancestry along the genome due to recent admixture or other evolutionary processes influencing genetic structure.
>
> The presented method is a significant advance from existing methods, which are substantially slower and impose stronger modelling assumptions. Accuracy appears comparable to existing methods on simulated data (with one exception, see below), while on real data the presented method outperforms existing approaches.
>
> The manuscript is very well written; details of the method were clear. While I did not attempt to do so, I believe that analyses were explained in sufficient detail for reproducing the results.
>
> I believe that the work is of interest to the readership of eLife and I would recommend it for publication. Below, I am listing a few comments I have after reading the manuscript.

Thank you for your comments. In this revision we have expanded our discussion to talk more generally about the utility of process-agnostic models in population genetic inference, and made a number of small edits to syntax and figures. Specific responses are below.

> \- Prediction of geographic location has many similarities with (recent) ancestry inference, and can be seen as a projection of genetic structure onto a geographic landscape (where genetic structure may be affected by many processes). It would be great if the authors could include a discussion putting this work into context with previous work on genetic structure, in particular methods that also don\'t require discrete populations, e.g., PCA on various types of matrices (genotype, chromopainter coancestry matrices etc) (genes mirror geography!). I do think and like that projecting structure on geography can improve interpretability compared to these methods, however perhaps adds constraints on the projection space that other methods may not have/or differ from other methods?

We like this suggestion. To address this we have added the following text to the Discussion section: "The correspondence between our explicitly geographic method and unsupervised clustering or dimensionality reduction methods highlights the implicit prior assumption of genetic-geographic correlation often made when interpreting the output of STRUCTURE or PCA. Rather than mapping population structure to geography as a post-hoc interpretation, Locator and other continuous assignment methods directly incorporate space in the model."

> \- I believe that a potential weak point of the current manuscript is that it is unclear how to interpret these predictions (apart from the naive interpretation of geographic origin of ancestors). In particular, I believe that the impact of this paper would be very much elevated if the authors could include examples where geographic location can be used for inference of some underlying biological process, e.g., selection acting on the genome or regions with reduced genetic diversity. Is there a difference in predicted geographic location in coding/non-coding regions (such as coding regions have lower variance of prediction for instance)?

Thanks for this suggestion. We have now expanded on our analysis of association or error with recombination rate to look at different windowing designs, and pulled out a case study of the EDAR locus in Eurasia as an example of a highly geographically differentiated region of the genome that readers familiar with the human genetics literature in particular may be familiar with.

> \- Is it possible to estimate dispersal rates from these predictions and their uncertainty? (which may be the obvious parameter one might want to learn about an organism/group of interest).

In simulations we found that error was roughly constant when expressed in units of population mean dispersal distance (3 -- 4 generations of dispersal), so it may be possible to work backwards from observed validation error in empirical data to estimate a dispersal kernal for the organism. However, we didn't design the method with this use in mind and haven't tested extensively enough to be confident in using it that way, so we decided to leave this out of the main text.

> \- I like that the authors provided an analysis where some samples were dropped from the training step, to illustrate the effect of unsampled groups. In practise, is there a way to learn from the data whether the reference/training samples are representative for the sample I want to do prediction for? E.g., one could think about having multiple neural networks that are trained on subsets of samples and compare predictions.

The multiple networks idea is an interesting one that we hadn't considered. The closest approach that we've worked on here is in small samples (i.e. *\<*40 training samples), where randomly splitting training/validation samples can result in some regions under- or overrepresented in the training set. On the Locator documentation (i.e., the github readme) we now included a section suggesting users fit models in a loop with different seeds to get an ensemble of models trained on different subsets of their reference data. This doesn't quite get at whether or not each training set is representative, but does help average over some of the noise from the training / validation split. In this revision we added a paragraph to the Materials and methods section suggesting this approach to users with small sample sizes.

> \- What is the reason for windowing according to number of base-pairs instead of recombination rate (cM), especially given that Figure 8 shows a higher prediction error in regions of lower recombination rate (and fewer genealogical trees).

Good point. We have now added a section comparing fixed versus per-centimorgan windowing, and looking a little deeper at genomic factors that could affect prediction accuracy. Perhaps unsurprisingly the error of centroid estimates is extremely similar using bp or cm windows, but the distribution along the genome is quite different in a way that seems to reflect the association with recombination rate. Overall, the variance in per-window prediction error is lower for recombination-distance based windows. This mostly seems to reflect centromeres, whose presence predicts significant proportions of variance in error using fixed windows but not in centimorgan windows.

> Overall, I very much enjoyed reading this paper. Out of interest and with no need to mention or implementing this in the current paper -- If the underlying genealogies were known, would you be able to predict geographic locations of most recent common ancestors? You could then extract information about directional migration from this for instance I believe?

Interesting idea -- I think the answer is yes if you make some assumptions about the dispersal kernal (the model we sketch out in the appendix would get you part of the way there). We are also aware of another group with a method in the works that does something like this and are excited to see it!
